I. INTRODUCTION
Recent progress in bottom-up tissue engineering has resulted in new approaches to form biomimetic threedimensional ͑3D͒ tissue construct by assembling cell-laden microengineered hydrogel ͑microgel͒ building blocks ͓1-3͔. So far, several approaches have been used for bottom-up assembly of microgels such as physical manipulation of individual cell-laden microgels ͓4͔, random packing of cellladen microgels ͓5͔, and building layers of microgels with controlled arrangement by photolithography ͓6͔. However, none of these approaches are both scalable and capable of controlling the architecture of the assembly. Du et al. demonstrated an attempt to form tunable 3D hydrogel assemblies in a highly scalable manner ͓1͔, which provides a potentially powerful tool to form biomimetic 3D tissue constructs. Hydrogel assemblies with predestined geometric arrangement can be obtained by assembling shape-controlled hydrogels in multiphase reactor systems. Hydrogel units made from hydrophilic polymeric materials were generated by photolithography, mixed in hydrophobic mineral oil, and subjected to mechanical agitation. The hydrogel self-assembly process is driven by the hydrophobic effect which minimizes multiphase interface area and free energy ͓7͔.
Four different types of cluster structures ͑random, branches, offset, and linear; see Fig. 1͒ have been observed as a result of the self-assembly process ͓1͔. The percentage of different types varies depending on the choice of experimental parameters including time, size, and shape of the hydrogel unit, agitation strength, and the surface tension ͓1͔. The linear type of the hydrogel clusters is preferred as the biomimetic 3D tissue construct due to its well-defined architecture and the minimal local energy ͑Fig. 1͒. To control the self-assembly process, large numbers of experiments are required to find the optimal parameters, which require extensive resources and is time-consuming. A quantitative model of the self-assembling process will facilitate the understanding of the self-assembly mechanism and in the optimization of the experiments.
In this paper we describe a computational model to supplement the experimental approach ͓1͔. The quantitative biological model is based on detailed assumptions about the physical process to help researchers to optimize the experiments. To date, several models have been developed for simulating hydrophobic effects in the context of molecule assembly ͓8,9͔ including molecular-dynamics model with energy governed interactions of surfactants in solution and continuum model of ion-specific protein-protein interactions with explicit solvent. However, all these models utilize the effect of the hydrophobic interactions at molecular scale and their applicable spatial scale is in the range of 10 −9 -10 −6 m, which is far less than the mesoscale in the self-assembly of hydrogels ͑0.001-0.1 m͒. Furthermore, the time scale of the molecular scale models ͑with upper limit of 10 −6 s͒ is significantly shorter than those required to describe the selfassembly process ͑from 10 to 1000 s͒.
One possible solution to overcome the problems related to the spatial and temporal scales is to use continuous models in which properties of the physical system, such as gel unit distribution, are described as continuous functions and the relationships between the variables are described by differential equations. However, the physical mechanism leading to formation of different types of cluster structures ͑random, branched, offset, and linear͒ involves many microscale events including gel collisions, hydrophobic interactions, and gel units detachment, which is difficult to simulate using a continuous model. Discrete models play an important role in simulating events occurring at the microscale and mesoscale, in which each individual object is explicitly presented and a coarse-grained potential is used to describe objects' interactions. In particular, Newman ͓10͔ developed a subcellular element model to simulate the dynamics of a large number of interacting cells. Also, discrete off-lattice models were used by Wu et al. ͓11, 12͔ to study swarming in bacterial colonies.
Coarse-grained methods have been extensively used in mesoscale modeling to resolve time and length scale problems. In this approach, groups of atoms are used as the basic objects and interactions between objects are described by different types of potentials. In particular, the mesoscale coarse-grained model was used to study cyclic dynamics and hydrodynamical fluctuations of molecular machines ͓13͔. In this model, each protein is described as a polymer network with a set of identical beads ͑atomic groups͒ and the interactions between the polymer protein and solvent molecule are represented by the Lennard-Jones ͑LJ͒ potential. Using lipid molecule as the basic coarse-grained object, Revalee et al. ͓14͔ developed an efficient implicit-solvent model for simulating self-assembly of lipid bilayers based with a softcore potential describing lipid molecular interactions. Cooke et al. ͓15͔ used an implicit-solvent modified LJ potential to describe lipid molecular interactions. Glotzer et al. ͓16͔ used patchy points on the particles surface and LJ potential to simulate the self-assembly of those particles.
In this paper we describe a coarse-grained off-lattice discrete model to simulate hydrogel self-assembly process. The hydrogel unit surface contains several interaction points and a LJ-type potential is used to describe point-point interactions contributing to the surface energy. Choice of the specific form of the potential depends on the specific liquid media. We show that simulations agree with the experimental results. The method is demonstrated for rectangular hydrogel units but it can be extended to any unit shape and type of liquid media.
II. EXPERIMENTAL METHODS
Microgel units were fabricated by photolithography and assembled in oil-water interface by mechanical agitation, which have been described in detail previously ͓1,17,18͔. Briefly, the prepolymer solution ͓20% ͑w/w͒ poly͑ethylene glycol͒-methacrylate polymer ͑PEGmA, MW: 1000, Polysciences͒ in Dulbecco's phosphate buffered saline ͑DPBS, Gibco͔͒ containing 1% photoinitiator ͑w/w total solution͒ ͓2-hydroxy-1-͑4-͑hydroxyethoxy͒ phenyl͒-2-methyl-1-propanone ͑Irgacure 2959, CIBA Chemicals͔͒ were exposed to UV polymerization through the photomask ͑designed using AutoCAD and printed on transparencies͒ with square and the lock-and-key patterns. Following the microgel formation, microgel units ͑total number of 500͒ were soaked in prepolymer solution and transferred to a 60ϫ 15 mm dish ͑Fisher Scientific͒ containing 6 ml mineral oil ͑CVS pharmacy͒. Microgel units were assembled in oil-water interface by mechanical agitation, which was applied by manually manipulating a pipette tip. All the reagents were purchased from Sigma Aldrich, unless specifically mentioned.
III. COMPUTATIONAL MODEL

A. Model assumptions
The mechanical deformation of hydrogels is highly dependent on the force that is exerted on the gels. Under our assembling conditions the hydrophobic/hydrophilic surface tension forces are not strong enough to form deformations in the gels as shown in the previously published work ͓1͔. Our model assumption of building blocks being rigid is therefore valid for the conditions described in such studies. Furthermore, the hydrophobic forces involved in assembly play a role not at the molecular level but rather at the interface between a two-phase component comprised of microgels in a secondary phase of hydrophobic media. Thus, the assembling forces are surface tension between hydrophobic/ hydrophilic interface ͑see Fig. 2͒ . This is the reason that the gels do not collapse as they are preformed and the water that is entrapped in each of the gels remains within the gels throughout the assembly process.
Rectangular ͑or other shaped͒ hydrogel units are initially homogeneously distributed in a liquid media and the mixture is randomly rotated or stirred. We assume that hydrogel units move randomly due to the external random perturbations. When hydrogel units get close to each other and collide, their movement is driven by hydrophobic forces that assemble them into a cluster to minimize the hydrophobic/hydrophilic interface contact area. At an early stage, hydrogel units of an aggregated cluster are randomly oriented. Hydrophobic forces between the units yield further unit alignment resulting in highly ordered clusters with different structures ͑see Fig. 1͒ .
Some parameters in the model are directly linked to the experimental parameters. For example, the value of epsilon represents the adhesion strength between unit's surfaces and the aspect ratio in the model corresponds to the experimental one. However, many physical processes involved in the experiments are difficult to describe in details in the model. For instance, the stirring frequency, strength, and stirring mode ͑direction͒ all affect the fluid-unit and unit-unit dynamics and are difficult to be precisely simulated in the model. Instead, in the model, combined effects of those processes are represented by two parameters: temperature T and unit velocity V, describing the unit-unit detachment effects and unit mobility driven by those processes, respectively. It is difficult to find the precise relationship between those two parameters and real physical experimental parameters. However, the model helps to estimate the tendency controlled by the experimental parameters. For instance, higher temperature T and unit velocity V result in increase in the stirring frequency.
B. Basic components of the model
Although the experiment is performed in a 3D environment, most hydrogel unit interactions still take place on the bottom of the experimental container. It was observed that hydrogel clusters are formed in the same plane. To simplify the problem, a two-dimensional ͑2D͒ model is developed in the current paper. In this model gel units move on a square N ϫ N lattice with periodic boundary conditions. We assume that shape and size of each individual gel unit stay unchanged. Each unit is described with three variables: coordinates of the center of mass ͑x, y͒ and orientation ͑rotation angle ͒. To simplify the model, we chose a large number of force points ͑pixels͒ homogeneously distributed on the boundary of each piece of gel and calculate gel-gel surface interactions as a sum of force point-point interactions. Figure  3 demonstrates how interactions between rectangular gel units are represented in the model. The distance between two neighboring interaction points is denoted as ␦ 1 and the points are located inside the gel unit with the distance to the edge of ␦ 2 implying that the smallest distance between interaction points of two neighboring hydrogels is 2␦ 2 . The same approach can be used for representing interactions between units with complex shape geometries.
C. Energy of hydrophobic interactions between gel units
Previous results ͓19͔ indicate that hydrophobic energy ⌬A hyd at liquid-solid interfaces depends linearly on the solute surface area A,
where ␥ is a free energy/surface area coefficient and b is a free energy of hydration for a point solute.
Hydrophobic effect takes place when the distance between surfaces of two neighboring gel units is very small ͑of nanometer scale͒. We initially used a stepwise function to describe the hydrophobic effects between unit surfaces. However, after even a long time ͓30 000 Monte Carlo steps ͑MCS͔͒, the simulation did not reproduce cluster formation process observed in the experiment.
Most unit collisions in the simulations resulted in corneredge configurations ͓see Fig. 4͑a͔͒ , not leading to unit-unit attachment. To avoid this we used LJ-type potential with a cutoff value r cutof f ͓20͔ to describe gel-gel interaction energy where i and j represent interaction points of two neighboring hydrogels n and m, is the depth of the potential well, and r min is the minimal distance between two neighboring hydrogels' interaction points. In this paper we choose r min =2␦ 2 pixels and depends on the media. The total interaction energy is calculated by summing up interaction energies between all points i and j in the two neighboring hydrogel units. Figure 5 shows that as the distance between two hydrogels increases, the interaction energy approaches zero very quickly. By adjusting the cutoff value, one can control the effective range of the interaction potential.
D. Dynamics of the hydrogels
Monte Carlo simulation starts with random initial hydrogel configuration. Location and orientation of each individual hydrogel are described by three variables ͑X c , Y c , ͒ ͓see Fig. 4͑c͔͒ . At each simulation step, a random movement of a randomly selected unit is attempted. There are three types of such movement in the model: random displacement of the center of mass ͑in X or Y direction͒ or random rotation of a hydrogel unit. If the random movement causes an overlap between units, then the movement attempt is ignored. Acceptance of a movement attempt is based on the resulting energy change ⌬E ͓Eqs. ͑2͒ and ͑3͔͒ and Metropolis algorithm ͓21͔. Namely, movement attempt is accepted with probability P͑⌬E͒ =1 if ⌬E Յ 0 and P͑⌬E͒ = exp͑−⌬E / T͒ if ⌬E Ͼ 0, where T represents effective amplitude of the stirring intensity in units of energy. Large values of T result in the higher hydrogel cluster detachment frequency.
In the simulation, large enough ⌬E / T will result in the probability of breaking an edge-edge contact between two units being very small and causing a large cluster of hydrogels to freeze. We resolve this problem by treating the cluster as a new unit. During the Metropolis updating process, when probability of one hydrogel's movement is very small due to attachment to a large cluster, the whole cluster is rotated with respect to its center of mass. Then positional information of all individual units in the cluster is updated. At the same time, probability of detachment of an individual unit from the cluster is calculated.
IV. RESULTS
A. Simulations in different liquid media
Different liquid media have different hydrophobic effects leading to different cluster aggregation configurations. In our model media effects are implicitly included in the interaction potential ͓Eq. ͑2͔͒ where parameter describes the intensity of the hydrophobic forces between media and hydrogels. Both and stirring intensity T determine the attachment rate between neighboring units. We choose appropriate values by performing a series of tests. Figure 6 demonstrates two simulation results with different values. A relatively large value of was used to represent oil-like media ͓Fig. 6͑a͔͒. Hydrogel clusters are clearly formed for the following numbers of MCS= 50 000 and 600 000. A small value of was used in a simulation of waterlike media ͓Fig. 6͑b͔͒. No unit clusters were observed even for a large number of MCS = 200 000. decreases and the number of larger clusters increases. The length distribution stabilizes after agitation of more than 30 s with most of the clusters being from 2 to 6 gel units. Simulation results are shown in Figs. 6͑a͒ and 7͑b͒ . In the simulations, T = 0.2 and the size of the hydrogel unit is chosen to be 50 pixelsϫ 100 pixels. At the initial stage ͑MCS = 2000͒ only small clusters are formed and no large size ͑bigger then 7͒ clusters are present. At MCS= 10 000 clusters of sizes 2, 3, and 4 appear and clusters of size 2 dominate. At MCS= 300 000, large clusters ͑of sizes 5 and 6͒ are formed and the number of small clusters ͑of sizes 2 and 3͒ decreases. At MCS= 600 000, clusters of size 7 are formed and the number of large clusters still increases. Therefore, simulation results demonstrate a tendency similar to the one observed in experiment. With time, the number of small clusters decreases and the number of large clusters increases.
B. Distributions of different types of clusters
C. Role of the hydrogel shape
Rectangular shapes
In Figs. 8 and 9 rectangles consisting of 60 pixels ϫ 160 pixels were used to represent gels corresponding to the hydrogels of size 150 m ϫ 400 m used in an experiment. Figures 7͑b͒ and 9 show the statistics of assembly of hydrogels of size Lx = 50 pixels by Ly = 100 pixels and Lx = 60 pixels by Ly = 160 pixels, respectively. Comparison of the last graph of Figs. 9 and 7͑b͒ yields that there is a higher percentage of linear clusters of size 3 and less of cluster size 2 in a simulation. They all have larger clusters, for example, of sizes 5, 6, and 7 ͑although size 6 is missing in Fig. 9 due to limited simulation time͒. Average linear cluster length in the last graph in Figs. 7͑b͒ and 9 is 3.23 and 3.25, respectively. However, the cluster size 3 is dominant in Fig. 9 , while it is 2 in Fig. 7͑b͒ . Comparison yields simulation with gels with bigger ratio Ly / Lx having bigger average length of the clusters after 600 000 MCS. Figure 10 shows the dynamics of the simulation. The length of a linear cluster becomes larger with increasing number of MCS. The size of the random cluster first increases ͑until 300 000 MCS͒ and then decreases. Notice that varying th ratio Lx / Ly in simulations ͑Fig. 11͒ results in the formation of larger clusters ͑see Fig.  12͒ .
D. Complex hydrogel geometries
The model presented in this paper can be extended to incorporate hydrogels with more complex shapes including lock-and-key shapes ͑Fig. 13͒ ͓1͔. Figure 14 demonstrates that one lock can attract different number of keys ͑from 1 to 4͒ in a simulation to form different types of self-assembled units. In the experiment, at most three keys were observed to attach to one lock. However, based on the hydrophobic energy minimization, our model predicts that fully loaded lock-key unit ͑one lock combined with four keys͒ can also form. Thus, future experiments with modified process conditions might result in such structures confirming the following predictions.
Cluster size in Fig. 15 represents the number of keys ͑round circles͒ per cluster. Figure 15 demonstrates that given enough time, larger clusters of size 4 are formed. At MCS = 400 000, more clusters of sizes 3 and 4 are formed. However, clusters of sizes 1 and 2 are still dominant.
E. Simulations for different lock-and-key density ratios
We ran simulations with different lock-and-key density ratios L : K and got the following results ͑Fig. 16͒. Very few clusters were formed for L : K =1:1. For L : K =2:1, clusters with two locks and one key in between were formed. For L : K =3:1, a larger and longer cluster was formed by three locks with two keys in between. In the case of L : K =1:2, several clusters with one lock and two or more keys were formed. More such clusters were formed for L : K =1:3. After we change the L : K =1:4, nearly all locks were occupied by keys, and locks were always occupied by more than two keys. To summarize, there is a profound difference between two cases when L : K is bigger or smaller than 1 ͑see Fig. 17͒ . When L : K Ͼ 1, longer clusters, such as clusters in Fig. 16͑b͒ , are formed. The maximal number of fully loaded key-lock clusters was observed for L : K =1:4.
V. SUMMARY
A 2D off-lattice Monte Carlo model was developed for simulating hydrogel self-assembly process governed by hydrophobic effects in liquid media. Within this model, the LJ-type potential was used to describe the interactions among the hydrogel units and a Metropolis algorithm was applied for simulating hydrogel dynamics. Simulation results agree well with the experimental data for rectangular units. The model was also used for studying self-assembly of hydrogel units with more complex shapes.
Simulation results demonstrated that the stochastic computational model is predictive of the experimental results and may be used in the future as a powerful tool for optimization of the mesoscale tissue unit self-assembly process. Not only can process conditions ͑i.e., agitation rate, hydrophobic force, and time͒ be verified in our design but also the shape of the microgels could be modified to generate optimal outcome. In addition, it is possible to extend the model to the 3D case by simple modification of the modeling procedure. The simulation approach will provide theoretical guidance for building 3D tissue constructs mimicking the architectures of the native tissues, which will facilitate future research in the bottom-up tissue engineering. FIG. 16 . Simulations for different lock-and-key ratios: ͑a͒ 1:1, ͑b͒ 2:1, ͑c͒ 3:1, ͑d͒ 1:2, ͑e͒ 1:3, ͑f͒ 1:4, ͑i͒ MCS= 0, ͑ii͒ MCS = 50 000, ͑iii͒ MCS= 400 000.
FIG. 17. Statistics of cluster sizes obtained for different lock-and-key density ratios after MCS= 400 000.
